Flooding in a river is a complex phenomenon which affects the livelihood and economic condition of the region. During flooding flow overtops the river course and spreads around the flood plain resulting in a two-course compound channel. It has been observed that the flow velocity in the flood plain is slower than that in the actual river course. This can produce a large shear layer between sections of the flow and produces turbulent structures which generate extra resistance and uncertainty in flow prediction. Researchers have adopted various numerical, analytical, and empirical models to analyze this situation. Generally, a one-dimensional empirical model is used for flow prediction assuming that the flow in the compound open channel is uniform. However, flow in a compound channel is quasi-uniform due to the transfer of momentum in sub-sections and sudden change of depths laterally. Hence, it is essential to analyze the turbulent structures prevalent in the situation. Therefore, in this study, an effort has been made to analyze the turbulent structure involved in flooding using large eddy simulation (LES) method to estimate the resistance. Further, a combination of an artificial neural network (ANN) and a fuzzy logic (FL) is considered to predict flow resistance in a compound open channel.
INTRODUCTION
Resistance factors such as drag, boundary shear stress, and channel roughness play an important role in predicting conveyance capacity, bank protection, sediment transport, etc. momentum transfer into account, and they also noted that a composite friction factor depends on the main channel and flood plain widths and the ratio of the hydraulic radius to the depth in the main channel. Pang () reported that the distribution of discharge between the main channel and flood plain is in accordance with the flow energy loss, which can be expressed in the form of a flow resistance coefficient. Christodoulou & Myers () quantified the apparent shear on the vertical interface between main channel and flood plain in symmetrical compound sections. Yang et al. () indicated that the Darcy-Weisbach resistance factor is not suitable for predicting a composite friction factor for measuring the resistance to Despite clear successes in the experimental approach, it still suffers from limitations, such as: (i) data are collected at a limited number of points, (ii) the model is usually not at full-scale, and (iii) detailed measurements of turbulence have not usually been considered. A computational approach can partly overcome some of these issues and provide a complementary tool. In particular, a computational approach is readily repeatable, can simulate at full-scale and provides a spatially dense field of data points. However, there are significant technical challenges in terms of the pre- In this study, the inadequacy in prediction of a composite friction factor assuming turbulent flow and the momentum transfer between the main channel and flood plain is addressed using an adaptive neuro-fuzzy system. (1):
PREDICTION OF COMPOSITE FRICTION FACTOR BY ANFIS
These factors are evaluated to predict the bed shear stress and discharge for both simple and compound open channel flows. Traditionally, the composite roughness in a compound channel is expressed in Manning's form 'n' as in Equation (2). The composite friction factor n c across the perimeter can be evaluated as:
where n i ¼ sub-sectional Manning's roughness and w i ¼ () can account for momentum transfer but the method is based on field observation. Further, the data collected have to be calibrated to account for the shape factor parameter to calculate the apparent friction factor. Since this factor is not generally available, the model is excluded from this analysis. Figures 1-3 show the relationship between true composite friction factor obtained from Manning's data with adequate accuracy but no other data sets. Therefore, it is desirable to propose a robust predictive method Cox () COX Total resistance force is equal to sum of sub-area resistance forces or n i weighted by ffiffiffiffiffi ffi
Total cross-sectional mean velocity equal to sub-area mean velocity ¼
The main channel and flood plain width ratio, and the ratio of the total hydraulic radius to the flow depth in the main channel for an accurate prediction of a composite friction factor under different hydraulic conditions.
In order to develop a robust approach to predict a composite friction factor, five flow parameters used for the estimation of the overall discharge in compounds channels suggested by where h ¼ main channel depth. In this study, these five flow parameters are chosen as input parameters and a composite friction factor as an output parameter.
Adaptive neuro-fuzzy inference system
The ANFIS is a combination of an ANN and a fuzzy inference system (FIS) where the neural network learns the structure of the data but understanding the network structure or the associated pattern is difficult. However, the FIS can understand the structure and develop the rule base using IF-THEN rules to predict the output. A neural network with its learning capabilities can be used to learn the fuzzy decision rules to create a hybrid intelligent system.
The fuzzy system provides expert knowledge to be used by the neural network. A FIS consists of three components:
first, a rule base which contains a selection of fuzzy rules;
second, a database defines the membership functions used in the rules; and finally, a reasoning mechanism carries out the inference procedure on the rules and the given facts. Jang (a) proposed a combination of a neural network and fuzzy logic (FL) known as an ANFIS. ANFIS is a FIS implemented in the framework of neural networks.
The combination of both ANN and FIS thus improves the system performance without interaction with operators.
For this reason, it is possible to deduce the logical pattern of the prediction. The advantage of the technique is that the ANFIS architecture can be used to model the nonlinear functions for the prediction of the desired result in a logical manner (Jang a, b, , ). 
Fuzzy logic and fuzzy inference systems

Architecture and basic learning rules
A typical adaptive network shown in Figure 5 is a network structure consisting of a number of nodes connected through directional links. Each node is characterized by a node function with fixed or adjustable parameters. The learning or 
If f 1 and f 2 are constants instead of linear equations, we have a zero order TSK fuzzy-model. Node functions in the same layer are of the same function family as described below. It is to be noted that O i j denotes the output of the i th node in layer j.
Layer 1: Each node in this layer generates a membership grade of a linguistic label. For instance, the node function of the i th node might be:
where x is the input to the node i, and A i is the linguistic label (small, large) associated with this node; and {a i , b i , c i } is the parameter set that changes the shapes of the membership function. Parameters in this layer are referred to as the 'premise parameters'.
Layer 2: Each node in this layer calculates the firing strength of each rule via multiplication:
Layer 3: The i th node of this layer calculates the ratio of the i th rule's firing strength to the sum of all rules' firing strengths:
For convenience outputs of this layer will be called normalized firing strengths.
Layer 4: Every node i in this layer is a squared node with a node function:
where w i is the output of layer 3, and is the parameter set.
Parameters in this layer will be referred to as 'consequent parameters'.
Layer 5: The single circle node computes the overall output as the summation of all incoming signals:
Thus, an adaptive network as presented in Figure 5 is 
Hybrid learning algorithm
From the ANFIS architecture ( Figure 5 ), we observe that when the values of the premise parameters are fixed the overall output can be expressed as a linear combination.
The output 'F' can be rewritten as: 
Training and testing of ANFIS network
The data required for the simulation are first generated using Manning's equation for obtaining a composite friction factor under different hydraulic conditions, as shown in 
NUMERICAL MODELING OF TURBULENT FLOW STRUCTURES
Although the ANFIS model is quite robust in predicting a composite friction factor considering the non-linearity in the 
where ρ ¼ density of water, u i and u j are the unresolved velocity components in the x i and x j directions, σ ij ¼ normal stress in plane i along j direction, p ¼ pressure, τ ij ¼ tangential shear stress in plane i along j direction. Equation (11) is the continuity equation which is linear and does not change due to filtering.
To capture the flow feature in turbulence, large-scale motion is captured as a direct numerical simulation (DNS)
in LES but the effect of small scales is modeled using a subgrid scale (SGS) model. The LES method can incorporate a much coarser grid so that the temporal evolution of the large-scale turbulent motions can be directly simulated while the unresolved small-scale motions can be modeled It is quite evident that turbulent structures as discussed are three-dimensional and highly non-linear.
CONCLUSIONS
Based on analysis made in this study, the following certain conclusions can be drawn:
1. Five empirical models for the prediction of a composite friction factor have been studied. It is observed that the models can predict the composite friction factor accurately for a few data sets. Generally, the models break down when predicting the composite friction factor for a wide range of hydraulic conditions and geometries of compound channel.
2. To alleviate the above problem, a robust prediction strategy based on an ANFIS has been proposed. It is demonstrated that the ANFIS model is quite capable of predicting a composite friction factor with reasonable accuracy for a wide range of hydraulic conditions.
3. Further, the LES turbulence model has been adopted to
analyze the compound open channel condition. The velocity distribution in an asymmetric compound channel is presented. The composite friction factor found from the LES is in good agreement with experimental results. 5. In future, the study can be extended to consider different hydraulic conditions for the prediction of composite friction factor using LES and ANFIS models.
